Purpose -The purpose of this paper is to examine the evidence of herding phenomenon, spill-over effects related to herding and whether herding is driven by fundamentals or non-fundamentals for various sub-periods and sub-samples. Design/methodology/approach -The cross-sectional absolute deviation model is applied to China's A-and B-share markets in combination with fundamental information. Findings -Herding is prevalent on both A-and B-share markets. In detail, investors on A-share market herd for small and growth stock portfolios irrespective of market states while they only herd for large or value stocks in down market, therefore leading the whole herding behaviour to be pronounced in down market. Comparatively, on B-share market, herding is robust for various investment styles (small or large, value or growth) or market situations. Additionally, spill-over effects related to herding do not exist no matter from A-shares to B-shares or from B-shares to A-shares. Moreover, investors on B-share markets tend to herd as the response to non-fundamental information more frequently during financial crisis. Originality/value -Investors on A-and B-share markets tend to herd as the response to non-fundamental information more frequently during financial crisis. Analysing the herding behaviours could be helpful in controlling the financial risk.
Introduction
Herding, originally documented by Keynes (1936) in the discussion of "Beauty Contest", can be interpreted as a situation when traders make decisions by imitating others' behaviour (Spyrou, 2013) . Financial research works on herding have been very popular for many decades because herding detection not only helps to explain price deviations but also provides potential trading opportunities. In practice, by applying macro-data-based models (Christie and Huang, 1995; Chang et al., 2000) , results are mixed for diverse markets and sensitive to various samples and empirical tools.
Comprehension of herding on financial market arouses the following issues: the detection and possible explanations of herding. Besides detection of herding, interpretation of this behaviour is diverse as well. From two comparative perspectives, behavioural finance and neoclassical finance, interpretation on herding can be roughly divided into two parts: irrational and rational herding. Rational herding is mainly supported by three theories: pay-off externality (Admati and Pfleiderer, 1988; Chowdhry and Nanda, 1991; Dow and Gorton, 1994; Hirshleifer et al., 1994; Chen, 1999) , information cascades (Bikhchandani et al., 1992; Welch, 1992; Avery and Zemsky, 1998; Banerjee and Fudenberg, 2004) and principal-agent theory (Scharfstein and Stein, 1990; Graham, 1999; Stickel, 1990 Stickel, , 1992 Boyson, 2010) . Comparatively, behavioural finance studies explain herding through various irrational psychological factors, including conservative bias (Barberis et al., 1998) , over confidence (Hirshleifer et al., 2004; Bernardo and Welch, 2001) , conformity (Hirshleifer, 2001) , congruity (Prast, 2000) , etc.
The above theories focus only on one angle of views and ignore the counterpart. However, the combination of irrational and rational motivations could possibly contribute to a more comprehensive decision making. Bikhchandani and Sharma (2000) distinguish "spurious" herding, simply efficient asset reallocation driven by the similar information set, from "intentional" herding. However, Bikhchandani and Sharma (2000) only focus on the explanations of "intentional" herding through rational perspective, neglecting irrational motivations. Baddeley (2010) criticises that it is stark and narrow to simply categorise herding as either rational or irrational behaviour. A better approach to improve the cognition of herding is to blend social and psychological elements together. Spyrou (2013) supports Baddeley's (2010) viewpoints by raising an issue of time-varying herding. Spyrou (2013) doubts if people herd for the same purpose all the time. From this perspective, the models adopted in this paper allow for both "spurious" herding and "intentional" herding in order to capture variations of different herding motivations from time to time.
Afterwards, Galariotis et al. (2015) adopt Bikhchandani and Sharma's (2000) hypotheses and test whether investors herd on fundamentals or non-fundamentals by using leading stocks' data in the USA and the UK.
Chinese stock market provides another interesting empirical background for comparison: A-and B-share markets. Generally speaking, both A-and B-shares are Chinese companies' stocks and are traded concurrently on the Shanghai Stock Exchange (SHSE or SH Exchange) and the Shenzhen Stock Exchange (SZSE or SZ Exchange). However, compared with B-shares, dominated by most sophisticated institutional investors, A-shares are designed for domestic traders, who lack professional investment knowledge (Tan et al., 2008) . According to this difference, it is reasonable to compare the two stock markets related to herding phenomenon. Therefore, this paper attempts to apply Galariotis's (2015) theory to Chinese Aand B-share markets for a comparative discussion. First, does herding exist in Chinese stock market? Further, if so, whether investors herd on fundamentals or non-fundamentals? When does it happen? Do stock characteristics (i.e. size or book-to-market ratio) matter in this case? Are there any spill-over effects relevant to herding? By comparing of previous studies focussing on Chinese market herding behaviour (Tan et al., 2008; Yao et al., 2014) , I bring Galariotis et al.'s (2015) theory, which focusses on the US and UK stock markets, into Chinese market as another empirical test and additionally examine herding during unique Chinese financial situations, such as A-share Crash.
2. Data and methodology 2.1 Data I collect the information of all the listed stocks of A-and B-shares from the database of SHSE and SZSE. The available periods are from 25 November 1997 to 30 June 2017; from 22 July 1992 to 30 June 2017; from 23 August 1991 to 30 June 2017; and from 5 July 1993 to 30 June 2017, respectively. As being discussed in Tan et al.'s (2008) paper, herding is proved to last for very short duration, daily data are chosen. In addition, China time deposit rate in three months is regarded as risk-free rate.
For A-and B-share markets with the above two exchanges, three factor returns and daily factor portfolio returns are downloaded from RESSET database (www.resset.com). Available periods of A-and B-share markets are from 1 July 1992 to 30 June 2017 and from 4 July 1994 to 30 June 2017, respectively.
Methodology
A non-linear model (Chang et al., 2000) that allows for asymmetric effects of market returns is used. First, I adopt Chang's measure to capture the absolute deviation of cross-sectional JABES stock returns (cross-sectional absolute deviation (CSAD)). However, when applying this model, the estimated dispersion of returns is based on the estimated β rather than true values; therefore the possibility of estimation error increases (Tan et al., 2008) . Hence, instead of estimating individual stocks' sensitivities (βs, coming from the market model), I follow Tan et al. (2008) who use stock returns to calculate dispersion of returns, as expressed in the following equation:
Note that CSAD t does not represent the level of herding. Herding is further measured by the following regression (Chang et al., 2000; Hwang and Salmon, 2001) :
where |R m,t | denotes the absolute value of market return at time t; and R 2 m;t the squared market return. This model is derived from Christie and Huang's (1995) theory. When the market experiences fluctuations, rational pricing models indicate that the dispersion of individual returns will enlarge because of diverse individual returns' sensitivities to the changes of market portfolio returns, leading to the increase of CSAD (or at least the decrease of this variable with an increasing speed). If so, the coefficient that captures the relationship between CSAD and the market returns will be positive. However, if investors imitate with each other, CSAD will decline or at least climb at a decreasing speed, causing the coefficient to be negative. Based on this theory, Chang et al. (2000) consider the relationship to be non-linear especially with extreme price movement on the market and use the squared market returns instead. That is to say, opposite to rational pricing models' predictions, the coefficient g tends to be significantly negative when herding behaviour becomes pervasive. Note that according to Chang et al.'s (2000) model, the coefficient β is only used for comparisons of the linear term.
Speaking to the market situation, not only Chang et al. (2000) but also many other researchers such as Christie and Huang (1995) believe herding is probably more prominent when the market is faced with huge fluctuation, especially during the bear market period. Therefore, by applying Galariotis et al.'s (2015) idea, I further divide the whole sample into several sub-samples according to market returns (positive or negative) or economic situations (whether financial crisis happened). Similar to Galariotis et al.'s (2015) definition, I consider the Peso Crisis ranging from December 1994 to July 1995; the Russian Crisis ranging from August 1998 to March 1999; the Dotcom Bubbles ranging from January 2000 to June 2000; and the Subprime Crisis ranging from January 2008 to April 2011. However, when considering the specific financial market pressure that Chinese market confronted, I treat the period from July 1997 to July 1998 as the period before Soros, the private fund manager, hit Hong Kong stock market during the Asian Crisis (denoted as "early Asian Crisis"). And the period from August 1998 to September 1998 is reflected as the time span of Hong Kong event (denoted as "later Asian Crisis"). Additionally, during the period from June 2015 to February 2016, there was an A-share Crash in Chinese stock market, which should also be taken into consideration.
Moreover, the effects of stock characteristics on herding have been considered (Chang et al., 2000; Caparrelli et al., 2004; Lam and Qiao, 2015; Galariotis et al., 2015) . Therefore, all stocks are sorted into 2×2 groups by size and BM independently. Larger (smaller) size group is denoted as "Large" ("Small") sub-sample and higher (lower) BM group is denoted as "Value" ("Growth") sub-sample.
In addition, since A-and B-share markets are components of Chinese stock market, Tan et al. (2008) use the information of dual-listed stocks on the two markets to examine the spill-over effects of herding. However, Tan et al. (2008) only focus on dual-listed stocks. It particularly arouses concern to further test the whole sample. By using Galariotis et al.'s (2015) measure, the spill-over effect is tested by the following regression equations:
where a significant negative g 2 indicates the spill-over effect from one market to another. Besides, the detection of herding is not enough to explain where herding derives from. To investigate the motivation of herding further, Bikhchandani and Sharma (2000) distinguish "spurious" herding from "intentional" herding. Further, Galariotis et al. (2015) take Bikhchandani and Sharma's (2000) theory into practice by adding four risk factors into the model. Similarly, Hwang and Salmon (2004) use risk factors to capture fundamental information but only adopt three risk factors (Fama and French, 1993) . Note that in Galariotis's (2015) paper, not only the Fama-French three risk factors but also the momentum factor (Carhart, 1997) is taken into consideration. However, Bikhchandani and Sharma (2000) interpret momentum strategies as one type of herding. Comparatively, Lam and Qiao (2015) regard risk-free rates and dividend-to-price ratio as the fundamental factors and four risk factors along with the liquidity factor as systematic factors. Hence, proxy variables that capture fundamental information are various. Due to data availability, I further decompose CSAD by utilising Fama and French's (1993) three risk factors as follows:
Since risk factors capture the fundamental information on the whole stock market, CSAD is decomposed into two parts by Equation (5): the CSAD driven by fundamentals (CSAD t −e t ) and by non-fundamentals (e t ). Similar to Equation (2), whether fundamentals motivate herding is further detected as follows:
3. Empirical analysis 3.1 Herding detection In Figure 1 , I report CSAD t of A-share market during the period from 24 August 1991 to 30 June 2017. Comparatively, CSAD t of B-share market between 23 July 1992 and 30 June 2017 is reported in Figure 2 . By comparing Figure 1 with Figure 2 , the whole patterns are relatively similar with one exception where return absolute deviations for A-share market fluctuate a lot from 1991 to 1995 but those for B-share market are comparatively stable from 1992 to 1995. Since a series of policies were promulgated to stimulate the development of the Chinese stock market in 1992 and the B-share market was set up in that year, probably distinct policy stimulus and life periods for the two markets lead to this difference. Besides, the return absolute deviations for both markets drop during three periods: the Dotcom JABES Bubbles around 2000, the Subprime Crisis around 2007 to 2011 and the A-share Crash around 2015 to 2016. Under Christie and Huang's (1995) theory (also see Chang et al., 2000) , it is highly possible that herding phenomenon would exist during those time spans with extreme market stress. (Chang et al., 2000) , Tan et al. (2008) point out that the dominant participants in B-share market, the USA or Hong Kong investors, have different behaviour tendencies on B-share market comparing with what they perform in their domestic stock markets.
To further interpret herding behaviour, Table II reports empirical results of the regression (2) for different sub-samples. In Panel A, g is significantly negative on the "down" days and this is robust across all the four investment styles. For example, for large stocks, g is −2.280 with a t-statistic of −6.641 on those "down" days, indicating the significant evidence of herding. In contrast, on those "up" days, g is insignificant or even shows an opposite pattern with two exceptions where the sample only concludes small stocks and where the sample constituents are growth stocks. Although the asymmetric effect of market returns exists for all samples, large stocks and value stocks, the significant negative g is robust for small stocks and growth stocks. From above findings, on the A-share market, the asymmetric effects of market returns could come from large stocks and value stocks. Tan et al. (2008) point out that the participants on A-share market are inclined to herd more on the "up" days than on the "down" days, which seems opposite to my results. However, Tan et al. (2008) pay more attention to the dual-listed market in Chinese stock market, while I focus on the whole Chinese stock market, reasonably leading to different results. More support comes from Demirer et al. (2010) , who put forward that herding is more pronounced if the market experiences losses.
In Panel B, things are a little different. It shows that on Chinese B-share market, g is significantly negative no matter for "up" days, "down" days or for any investment styles, indicating the no asymmetric effects of investment styles related to herding on the B-share market. This result is consistent with Tan et al. (2008) . 
JABES
From the comparison of Panels A and B, herding is a more widespread phenomenon on B-share market than on A-share market. It is of interest to observe more evident herding behaviour on B-share market where most participants are foreign and institutional investors who are inclined to be more rational than that on A-share market where traders are domestic investors. Tan et al. (2008) try to provide a possible explanation that investors on the B-share market behave differently comparing with their behaviour on their domestic markets. However, further study is still needed to explain this difference. The sample period for A-share market is from 1 July 1992 to 30 June 2017, while that for B-share market is from 4 July 1994 to 30 June 2017. Sample contains all the individual stocks on each market. "Up" refers to the days when market returns are positive while "Down" refers to the days when market returns are negative Table II show that herding is very noticeable on those "down" days for both A-and B-share markets, I pick up those periods that experience financial crisis to estimate spill-over effects (Table III) .
Both in Panels A and B, spill-over effects do not exist and this finding is robust during different financial crises. For example, in Panel A, during A-share Crash, although a significant negative g 1 (−8.113 with a t-statistic of −4.250) indicates strong evidence of herding, a positive g 2 represents for no spill-over effects. It can be interpreted that during A-share Crash the investors' herding behaviour on the A-share market is not affected by the information of B-shares. By using dual-listed stocks to investigate spill-over effects, Tan et al. (2008) support my results.
Although it is natural to hypothesise that there would be some cross-market effects on these two markets because they are sections of Chinese stock market and feedback relationship exists on the two markets (Chen et al., 2001) , actually herding behaviour is hard to be driven by the other market's situations or information. Even during the period of A-share Crash, the market returns of A-share market did influence the cross-sectional dispersion of B-shares' returns. Table IV provides the estimated parameters from regressions (2), (6) and (7) along with corresponding t-statistics in parentheses. As discussed above, the CSAD is decomposed to two parts, the CSAD caused by fundamentals (CSAD fundamental,t ) and non-fundamentals (CSAD non−fundamental,t ), in order to further distinguish herding derived from fundamentals and herding derived from non-fundamentals.
Herding and fundamentals
In Panel A, on A-share market, during the whole sample period the existence of herding (g is −0.165 with a t-statistic of −3.195) derives from fundamental information (g is −0.108 with a t-statistic of −10.663). Conversely, during Peso Crisis, Dotcom Bubbles and A-share Crash, herding phenomenon is driven from non-fundamentals. During A-share Crash, g of Notes: t-statistics are showed in parentheses. "Total CSAD" refers to results from regression (2):
"CSAD caused by fundamentals" refers to results from regression (6):
"CSAD caused by non-fundamentals" refers to the results from regression (7):
The "All period" for A-share market is from 1 July 1992 to 30 June 2017, while that for B-share market is from 4 July 1994 to 30 June 2017. Sample contains all the individual stocks on each market. Note that if the estimated parameter g is significantly negative, herding phenomenon exists. *,**,***Statistically significant at the 10, 5
and 1 per cent levels, respectively Table IV. JABES total CSAD is −4.136 with a t-statistic of −2.224, indicating a herding behaviour. Further, g of fundamental CSAD is positive (0.789) and insignificant (t-statistic is 0.712), while g of non-fundamental CSAD is significantly negative (−4.926 with a t-statistic of −3.335), manifesting that herding is driven by non-fundamental information.
What is more, results from Panel A show the importance of differentiating multiple motivations of herding or it is possible to misinterpret this phenomenon because of cancelling-out effects. During Subprime Crisis, fundamental-driven herding is significant. However, when total CSAD rather than the fundamental-driven CSAD is used to detect herding behaviour, the parameter g is insignificant, indicating little evidence of herding. Therefore, if total CSAD is the only dependent variable taken into consideration, herding will be neglected and misunderstood during Subprime Crisis. Also, this interesting finding is in line with Galariotis et al. (2015) .
In Panel B, on B-share market, no matter for any period of financial crisis or for the whole period, the total herding behaviour attributes to the non-fundamental information with one exception when the period experienced the Peso Crisis. During the period of Dotcom Bubbles, total herding is significant. Further, herding motivated by fundamentals is non-existent (g is 0.123), while herding driven by non-fundamentals is significant (g is −6.848 and t-statistic is −3.260). Therefore, it can be interpreted that during the period of Dotcom Bubbles, herding is motivated by non-fundamental information on B-share market. In contrast, during the Peso Crisis on B-share market, there is no herding evidence no matter driven by fundamentals or non-fundamentals.
By comparing Panels A and B, three main findings are the following: first, for all sample period, herding on A-share market is driven by fundamental information, while that on B-share market is driven by non-fundamental information. However, it is a little surprising to observe that A-share market investors seem to be more rational than B-share investors. Tan et al. (2008) consider that behaviour of US and Hong Kong investors on B-share market is different from that on their domestic markets. If so, the explanation is more applicable to my sample analysis. Note that the data stream records 3,304 listed stocks on the A-share market but only 99 listed stocks on the B-share market during my sample period. In contrast, there are over 7,500 stocks listed on NYSE, AMEX or NASDAQ of the USA. Probably the number of stocks that can be invested limits participants' behaviour, resulting in different behaviours of those foreign traders or institutional investors. Moreover, on A-share market, of all the four financial crises that are faced with herding, three of them experience herding as the response to non-fundamentals, while the whole sample period experiences fundamental-driven herding. One possible reason is that investors on A-share market would like to herd on fundamentals when the market is relatively stable.
Second, during Peso Crisis, investors herd on non-fundamental information on A-share market, while there is no presence of herding on B-share market.
Third, during Asian Crisis (early), Asian Crisis (later) and Russian Crisis, herding phenomenon does not exist on A-share market, while market participants tend to herd on non-fundamentals on B-share market.
From all above financial crises, two crises that would mostly possible incur extreme price fluctuations are the Asian Crisis (later) and A-share Crash, which directly affect Chinese stock market. From Chang et al.'s (2000) theory, herding inclines to be more pronounced when the market fluctuates extremely. Therefore, it is not surprising to detect the presence of herding phenomenon, especially caused by non-fundamentals, on both A-and B-share markets during A-share Crash. However, the result for the period of Asian Crisis (later) is partly contrary to my prediction. Note that "Asian Crisis (later)" refers to the period when Foreign Private Fund Manager George Soros intended to hit Hong Kong stock market. During this time span, it is reasonable to discover herding behaviour on B-share market because Hong Kong investors are the important component of B-share market participants and Hong Kong stock market confronted extreme financial turmoil. In contrast, it is interesting to find that little evidence of herding exists on A-share market. One possible reason is that before 2000, A-share market participants were only domestic traders and the B-share market functioned as the firewall to absorb most shocks from international financial crises (Su, 2009 ).
Herding and fundamentals by sub-sample analysis
Tables V and VI report whether investors herd on fundamental information or not for different investment styles during various periods of financial crises on A-and B-share markets.
In Table V , Panel A illustrates that of all the seven financial crisis periods, only during the Subprime Crisis is the herding behaviour driven by fundamental information on A-share market and this is robust no matter for any investment styles (larger or small stocks, growth or value stocks). For instance, for large portfolio stocks, investors tend to herd on each other (g is negative, −0.728) significantly (t-statistic is −2.785).
In Panel B, during the periods of Peso Crisis, Dotcom Crisis and A-share Crash, herding is driven by non-fundamentals for all the four sub-samples, including larger, small, growth and value stock portfolios on A-share market.
The finding from Table V is consistent with the results in Panel A of Table IV . For the seven financial crisis periods on A-share market, herding induced by fundamental information emerges during the Subprime Crisis, while non-fundamental-driven herding exists during the periods of Peso Crisis, Dotcom Bubbles and the A-share Crash. Moreover, the results in Table V additionally attest that if the period experiences extreme price fluctuation, the herding driven by fundamental information or the herding driven by non-fundamental information is pervasive across various investment styles (large vs small; high BM vs low BM).
Similarly, Panel A in Table VI reports if there is any evidence of herding caused by fundamentals on B-share market when the market experiences extreme stress. Apparently fundamental-driven herding is rare during different financial crises on B-share market, only emerging during the periods of Asian Crisis (early) and Dotcom Bubbles for the large stock portfolio and during the Peso Crisis for the value stock portfolio. Although the evidence of herding phenomenon motivated by fundamental information exists during those three periods, that evidence is relatively weak.
Considerably strong evidence of non-fundamental-driven herding is discovered in Panel B. During the periods of Asian Crisis (early), Dotcom Bubbles, Subprime Crisis and the A-share Crash, the phenomenon that traders on B-share market imitate each other based on non-fundamentals is robust across all sub-samples, which is in consistent with the results in Table IV . Additionally, investors on B-share market tend to herd as the response to non-fundamentals during periods of Asian Crisis (later) and Russian Crisis with one exception for the growth stock portfolio where herding behaviour (indicated by the negative g of −2.645 and −2.355, respectively) is not statistically significant (t-statistics: −1.173 and −1.197, respectively). It can be interpreted that during the two periods, investors on B-share market tend to herd on value stocks (low BM) instead of growth stocks (high BM).
By the comparison of Panels A and B, I acquire another interesting finding: some market participants may herd as the result of reaction to fundamental information and other investors may herd due to non-fundamental information at the same period. This applies to the period of Asian Crisis (early) and Dotcom Bubbles for the large stock portfolio. However, only a few traders imitate others because of the reaction to fundamental information and a large number of investors actively follow others' investment decisions as the response to non-fundamentals. Therefore, without sub-sample analysis, the overall herding evidence only indicates non-fundamental-motivated herding phenomenon during above two periods. Notes: Panel A refers to the results from regression (6):
while Panel B refers to the results from regression (7):
t-statistics are showed in parentheses. Note that if the estimated parameter g is significantly negative, herding phenomenon exists. *,**,***Statistically significant at the 10, 5 and 1 per cent levels, respectively Notes: t-statistics are showed in parentheses. Note that if the estimated parameter g is significantly negative, herding phenomenon exists. *,**,***Statistically significant at the 10, 5 and 1 per cent levels, respectively Yao et al.'s (2014) implications, differences of behaviour on A-and B-share markets imply that the universal pricing model is not applicable in Chinese stock market. When herding on non-fundamentals is detected, diversification investment strategies could not be as valid as that on non-herding market.
Conclusions
By comparing Chinese A-and B-share markets, this paper investigates the existence of herding phenomenon, the spill-over effects related to herding, whether herding is incurred by investors' reaction to fundamental or non-fundamental information for the whole sample period as well as for diverse financial crises, and whether investment styles affect herding phenomenon. The main conclusions are as follows. First of all, herding phenomenon is prevalent for the whole sample period on Chinese A-and B-share markets.
Second, investors on A-share market herd on small and growth stock portfolios, regardless of up or down markets. In contrast, for value or large stock portfolio, investors on A-share market herd only when the market is down. Comparatively, on B-share market, herding is irrespective of various investment styles.
Third, for the whole sample period or various financial crises, herding behaviour on the A(B)-share market does not depend on the B(A)-share market's information. That is to say, the spill-over effects from A-share market to B-share market do not exist, and vice versa.
Fourth, herding can be disintegrated into two components: driven by fundamental information and by non-fundamental information. During financial crisis, market participants tend to herd as the reaction to non-fundamentals more frequently on B-share market but vague on A-share market. Specifically, non-fundamental herding exists during the period of Peso Crisis, Dotcom Crisis and A-share Crash on A-share market, while fundamental-driven herding presents in the Subprime Crisis. Note that there is no evidence of herding on A-share market during the period of Asian Crisis or Russian Crisis. On the other hand, on B-share market, herding caused by non-fundamentals is robust no matter for the whole period or diverse financial crises with one exception for Peso Crisis where no herding behaviour exists. Also, herding on A-share market is motivated by fundamentals.
Fifth, decomposition is important for herding detection because of cancelling-out effects. On the one hand, the overall herding phenomenon is not significant but fundamental-driven herding exists. On the other hand, most traders on B-share market imitate each other as the response to non-fundamentals and a few of them herd on fundamentals. But the herding detection that focusses on all the B-shares only indicates the evidence of non-fundamental-driven herding during this period.
Finally, if investors herd on A-share market during financial crisis, herding caused by non-fundamentals is dominant with one exception of Subprime Crisis, irrespective of various investment styles. Similarly, on B-share market, for various time phases of financial crisis and for different investment styles, most investors herd as the reaction to non-fundamental information.
One noticeable limitation of this paper is the choice of proxy variables that represent for fundamental information. How to understand herding and momentum, whether the momentum factor should be represented as one fundamental information proxy when discussing herding behaviour, and what variables indicate fundamentals need to be carefully considered. It is highly possible that three risk factors are not enough to stand for fundamentals or extra robustness is needed. The last but not least, the results of herding detection are mixed and vary with diverse empirical models. Further studies are needed to polish those empirical tools.
